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Abstract. Surface EMG signal is a signal source that can reflect the movement 
state of human muscles accurately. However, there are still problems such as 
low recognition rate in practical applications. It is necessary to study how they 
can be exploited effectively for a more accurate extraction. The paper combines 
two time domain features and nonlinear feature to get the feature vector for sub-
sequent pattern recognition. The paper chooses the generalized regression neu-
ral network (GRNN) as the classifier for hand motion pattern recognition. The 
proposed method in this paper not only realizes the feature extraction of signals, 
but also ensures the high classification accuracy. The feature, RMS-SampEn-
WL, obtains the highest recognition rate above 97% compared with the two 
time features. The new sEMG feature is effective and suitable for hand motion 
pattern recognition. Finally, we hope to establish a robust recognition system 
based on sEMG. 
Keywords: Surface EMG signal, GRNN classifier, RMS-SampEn-WL. 
1 Introduction 
The pattern recognition technology used in surface electromyography (sEMG) signals 
for identifying human motions is widely involved in human-computer interaction, 
biomimetic prosthetics, diagnosis in clinical applications and the development of 
rehabilitation equipment [1]. 
 The research is more challenging compared to other widely used bioelectrical sig-
nals because of its randomness [2]. sEMG is a biological signal that is collected on 
the surface of the skin [3]. The muscle control information can be collected to control 
2 
electrical powered prostheses [4]. So this method based on sEMG Signal is widely 
used in a series of clinical applications [5]. 
Therefore, many researchers have begun to study the features of the sEMG signals. 
They have re-evaluated the performance of the commonly used Hudgins’ time domain 
features [6]. Autoregressive (AR) model analysis is also a common method to get 
signal feature [7]. Willison amplitude(WAMP) and sample entropy (SampEn) using 
six different sEMG data sets containing over 60 subject sessions and 2500 separate 
contractions [8]. In addition, multiple features are studied or evaluated to improve the 
hand motion classification accuracy [9]. A set of time domain features is proposed 
that can estimate the EMG signal power spectrum characteristics using five different 
EMG data sets [10].  
The current research on the physiological mechanism of human motion is still in 
the exploratory stage [11]. Therefore, in the process of pattern recognition, it is still 
lack of a standard in these aspects: selection of the sampled muscle groups, the extrac-
tion of sEMG features, and the modeling of continuous motions [12]. Universally, 
researchers determine the program mainly based on previous experience, these sub-
jective factors may bring more uncertainty into the experimental conclusions [13]. 
Obtaining the active segment data of continuous sEMG signals accurately is the 
primary procedure to complete the classification of action patterns [14]. Especially in 
the mode of supervised machine learning, a sufficient data samples of different action 
types is the premise and guarantee of the classifier with excellent performance.  
The purpose of the pattern classification is to determine which model the features 
fit. A good pattern classifier should have a smaller amount of computation, a higher 
recognition rate, and a stronger generalization ability. Support vector machine (SVM), 
linear discriminant analysis (LDA), k-nearest neighbor (KNN), multi-layer perceptron 
neuron network (MLP) and random forest (RF) classification algorithm are put for-
ward [15]. 
In view of the above situations, this paper focuses on proposing an exploratory re-
search to fuse multiple features for improving sEMG classification. We prove that the 
pre-processed sEMG frequency domain signals have a large loss through experi-
mental analysis, so the time domain features are extracted for classifying. The nonlin-
ear dynamic feature can construct a multidimensional dynamic model based on a one-
dimensional time series to extract more hidden information. So large amounts of ex-
periments have been conducted to explore how features fuse can achieve a better per-
formance. The time domain features this paper choose are root mean square (RSM) 
and Waveform length (WL), the nonlinear dynamic feature is sample entropy 
(SampEn). The experimental result shows that this new feature can improve the accu-
racy of different hand motions classification based on sEMG after comparing the new 
feature with traditional time domain features. The feature contributes to the accurate 
human-machine interaction between intelligent prosthetic hand and users. 
The remainder of this paper is organized as follows. Section 2 describes the meth-
ods to capture and process sEMG signals. Section 3 indicates the experimental results 
about the feature extraction and performance evaluation. Section 4 draws the conclu-





















 is usually co
ctrode shift a
of the hand m
ntal data. In t
odes by gel 
This method 



















ig. 1. It shows
 hand closure
 force on ind




e or more ele
distribution w
ments use a 1
 electrodes ar
ans. Elastic f
e time and p
e subjects m
e of wearing
 the scene of w






















 affect the re
ctrode sleeve
om traditiona
ed to fix elec
f arranging e












































s, keep the ac
ten-minute br
tive days, u
s of the same
gnal preproc
o achieve a h
ed to be prep
ility. The pre













tion for 5s, rep








s much as po
 signal consi




 The power f
rences, the ex












sts of 4 phase
motion, the 
 for releasing
is set to 1 k






. If you have f




ls contain a v
teps of noise
with wavelet 
s: The relax s
steady state f
 a hand moti
Hz based on 
onlinear char
xperimental 











tate of a hand
or maintainin





 in Figure 3. 
 






















































Fig. 3.  Comparing the two graphs, it can be found that the filter mainly deals with the signals 
at an integer multiple of 50 Hz. 
The preprocessed signals still contain a large amount of data that will affect the opera-
tion speed. Therefore, the valid signals should be extracted as a feature value before 
the sEMG signals put into the classifier. The main function of feature extraction is to 
make classification easier and more intuitive by way of mapping complex signals 
from high-dimensional space to low-dimensional space. 
Many scholars have done a lot of work on feature extraction and pattern recogni-
tion. The time domain methods treat the sEMG signals as a function of time, and ob-
tain some features by time domain analysis. The time domain methods are widely 
used in feature extraction of sEMG signals because of the lower computation in algo-
rithm complexity. However, even small changes in muscle activity will cause signifi-
cant influence. The frequency domain methods of sEMG signals are relatively stable 
because of the signals transformed into power spectrum and the waveform change 
little. But the sEMG signals will have a great loss in the process of extracting features. 
This paper compares two time-domain features and nonlinear feature to prove the 
effectiveness. Two time domain features include root mean square (RMS) and wave-
form length (WL). 
RMS is the measure of the amplitude of the EMG signal, which can be expressed 
as (1). 









                                   
(1) 
N is the length of the window. Similar to RMS, the absolute value of the integral and 
the mean absolute value (MAV) have been proven to have the same performance in 
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manual identification.  
WL refers to the cumulative length of the EMG waveform. WL is related to the 
waveform amplitude, frequency and time. Where N represents the length of the signal 











                                                      (2) 
Although the two methods have been widely used, they ignore the robustness of sto-
chastic sEMG signals. The number of motor units and action potentials vary dramati-
cally during the process of exercise, and the motion-neural system has many nonlinear 
characteristics. So the nonlinear dynamics methods can construct a multidimensional 
dynamic model to extract more hidden information. This paper chooses the main non-
linear method sample entropy (SampEn). 
SampEn similar to the approximate entropy is used to measure the randomness of 
dynamic system expressed in time series. However, it has been used to reduce the 




InNrmSampEn ),,(                                            (3) 
As is defined in (1), r is the threshold generally given, N is the number of samples 
and m  is a given embedding dimension.  
So the sample entropy, time domain features RMS and WL are used as eigenvalues 
to form feature vectors. 
{ , , }feature RMS WL SampEn          (4)  
3 Experimental result 
3.1 Feature extraction 
In this paper, the EMG signals are collected simultaneously by 16 channels, so the 
dimension of the three features is: 1*48. The mean value of the 16 channels is taken 
as the valid description to perform the feature vector. As shown in Table 1, the mean 
values of the three features under the nine motions. 
Table 1. The mean values of the three features under the nine motions. 
  RMS  WL  SampEn 
Re  7.1262  1.8368*e3  0.9410 
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